The 2014 Ebola epidemic in West Africa is the largest ever recorded, and understanding the interrelated dynamics of surveillance and intervention is a key concern, both for this and future epidemics. Moreover, as transmissibility and mortality are believed to increase as symptoms progress, intervention strategies may depend on individual's stage of infection. To examine these issues, we developed a stage-structured model of Ebola, which includes a term for fraction of the population at risk, reporting rate, among other factors. We generated short term forecasts for Guinea, Liberia, and Sierra Leone, beginning October 1, 2014, which we have since validated using subsequent data. We examined the relative contributions of the stages of infection, and then expanded the model to consider Ebola treatment unit (ETU) dynamics and interventions, incorporating both stagedependent hospitalization rates and dynamic ETU capacity.
Introduction
The ongoing 2014 Ebola outbreak is unprecedented in both its size and complexity, dwarfing the numbers of cases and deaths for all previous outbreaks combined [1] . The outbreak began in Guinea on March 23, 2014 [1] , and has since spread to yield widespread and intense transmission in Guinea, Liberia, and Sierra Leone, as well as cases in five additional countries (Nigeria, Senegal, Mali, Spain, USA), with over 17,000 cases reported as of December 2014 [2] . Intervention efforts have increased over the months following, although the epidemic spread continues. Red compartments are transmissible, and recovery rates are greater from I 1 than from I 2 [7] .
Data
We examined data on incidence of suspected cases and deaths from Guinea, Liberia, Sierra Leone, and all countries combined, as reported by the World Health Organization (WHO) [2] . For estimating the model parameters, we used start dates for each country roughly corresponding to when each location began consistent exponential growth, to avoid issues due to initial stochasticity and hurdles in setting-up reporting systems (e.g. some early data shows decreases in cumulative cases, likely due to changes in surveillance systems, case definitions, etc.). Ongoing efforts to increase the response to the current epidemic have escalated particularly since October 1, for example with the beginning of the first-ever UN emergency health mission, the UN Mission for Ebola Emergency Response (UN-MEER) on October 1, 2014 [13] . Additionally, the data beginning in October has shown increased uncertainty and changes in reporting, with incomplete reporting data, and significant decreases in reported cumulative cases (likely due to changes in reporting) [2] . A recent WHO Roadmap update stated that "the capacity to capture a true picture of the situation in Liberia remains hamstrung by underreporting of cases" [34] . Thus, we fitted data up through October 1, 2014, with subsequent data used primarily for validation and exploring alternate intervention strategies, as described below.
3 Stage-Structured Model Simulations
Model Structure
We begin with the stage-structured compartmental model shown in Figure 1 . The model incorporates a staged infection process to reflect the increasing symptoms and transmissibility as the infection progresses [3, 7] . As described above, Ebola often progresses through multiple stages of illness-an initial infectious stage in which symptoms tend to by milder (such as fever, headache, sore throat, muscle aches), often progressing to diarrhea, vomiting, and a second, more intense stage during which the more advanced symptoms (such as hemorrhaging and multi-organ failure) manifest [3, 7] , with a typical time to progression of approximately 5-7 days [8] . Most recoveries occur from the first stage, while the second stage is typically fatal [7, 8, 35, 36] . Thus, we consider two stages of infection here (although one might consider an arbitrary number of stages to more finely capture the progression of the illness). The corresponding equations for Figure 1 are:
where S represents the fraction of the population which is susceptible, E the fraction exposed, I 1 the fraction in the first stage of infection, I 2 the second stage of infection, R the fraction of the population which who are recently recovered (i.e. who would still require an ETU bed if hospitalized), and F the fraction of the population who have died and are in the process of being buried (as funerals provide an alternate route of transmission as in the models based on [31] ). We note that although recovered individuals have some chance of transmission for up to seven weeks after recovery (e.g. via semen or breast milk [35] ), for simplicity we do not include the transmission in these later stages. For book-keeping purposes we track recently recovered (R), in order to estimate the total number of ETU beds needed over time. This does not affect the dynamics of infection since the recovered individuals are assumed to have full immunity and to be unable to transmit the virus. Because we consider only relatively short time frame here (< 1 year), for simplicity we ignore population background births and deaths. Lastly, we note that this simplified model lumps together both community and hospital/ETU infected.
The model structure is somewhat similar to the SEIHFR model of Legrand et al. [31] , in which infected individuals in the community (I) can be admitted to the hospital (H), but the progression in this model is through the natural history of the disease rather than from household to hospital. Thus, there are different mechanistic assumptions underlying the two models, so that even though the resulting compartmental diagrams are similar, there are important differences in the flows between compartments. For example, SEIHFR models typically assume lower transmission in the ETU stage [23] , which contrasts with the higher transmission rates in the second stage of infection used here; additionally, mortality is significantly higher for infected individuals in the community than in the hospital, where by contrast there is higher recovery in the first stage and death only after the second stage of infection in the model used here. In subsequent sections of this paper we also consider an expanded model that includes compartments for infected individuals admitted to an ETU, which allows us to capture both the stage structure and ETU dynamics.
Basic Reproduction Number. Using the second-generation matrix approach [37, 38] , the basic reproduction number for the model is given by:
where R 0 for the system breaks into three portions based on each transmission stage, weighted by the fraction of individuals who reach that stage and the amount of time spent in each stage (as is typical for stage structured models [38] ).
Measurement Equations. Lastly, to connect the model to the data on cumulative cases and deaths provided by the WHO, we append the following measurement equations to (1):
where y C represents cumulative cases, and y D cumulative deaths. The parameter k represents a combination of several factors, including: the fraction of the population at risk (whether due to social contact structure, spatial heterogeneity, immunity from asymptomatic infection, or other factors), a rough correction for errors in our initial condition assumptions, as well as the reporting rate. Although in reality the reporting rate is likely to be different for cases and deaths, we found that the model fit well for a wide range of values for k (as described further below), so for simplicity we set the two to be equal. Table 1 gives the parameter definitions, values, ranges, and sources. To more easily frame δ 1 in terms of known values, we let δ = δ 1 δ 2 be the overall mortality rate (fraction) of infected individuals, and work using δ rather than δ 1 . For the total population size, N , we used a total population of 11,745,189 for Guinea, 4,294,077 for Liberia, and 6,092,075 for Sierra Leone, as determined by the World Bank [39] . We would expect there to be a wide range of model parameters that fit the data equally wellparticularly as the data up through October 1 is still in the exponential growth phase, during which it can be fitted with only two parameters (i.e. as one would fit a line on a log scale). This idea has been used to develop simple two-parameter predictive models of the epidemic, such as [25] , and explored more thoroughly in an identifiability context in [40] . This represents an inherent unidentifiability problem during this period of the epidemic, as a wide range of parameter values can be used to generate the same initial epidemic growth rate, but may have different points in time at which the epidemic dynamics begin to deviate from exponential growth. Thus, we used a Latin Hypercube (LH) sampling approach in which we sampled most of our parameters across realistic ranges given in Table 1 , and then for each sample, we fit only two parameters, the transmission parameter β 1 and the overall mortality rate δ. This allows us to examine the range of potential model behaviors consistent with both the data and the known realistic ranges for all parameters.
Parameter Estimation Methods
Since realistic values for k are largely unknown (as k accounts for a wide range of factors), the range for k was very broadly, with an upper bound of 1 (representing perfect reporting and a completely at-risk population) and an approximate lower bound determined by taking the lowest value which still yielded qualitatively good fits. We LH-sampled 1000 parameter sets for each case (all countries combined, Guinea, Liberia, and Sierra Leone). We also tested the extrema of each range in Table  1 , to illustrate the full range of potential behaviors generated by the model in the realistic ranges.
To fit the model, we used least squares fitted to cumulative cases and deaths via the measurement equations (3), using Nelder-Mead optimization in MATLAB [41] . Cumulative incidence measurements such as those used here suffer from a lack of independence between measurements (as each subsequent measurement is clearly dependent on the previous), which has been noted to result in artificially small confidence bounds on parameter estimates and forecasts [42] . However, since there are different timings between case count reports, incident cases are somewhat more difficult to work with, and interpolating between case reports to generate regular incidence counts (e.g. daily) would also suffer from some degree of lack of independence, and making the cumulative † This range was used for all simulations except when fitting Guinea in Figure 2 , where a wider range from 0.00025 -1 also yielded equally good fits to the data and was used.
case counts somewhat simpler to work with. To address the issue of artificially smaller confidence intervals, and to address the fact that the data are largely exponential (meaning there are inherent identifiability issues in fitting anyhow), we instead combine least squares optimization of only two parameters with LH sampling of all remaining parameters. This forces the model to sample across the full range of parameter values and model trajectories that are within the realistic biological ranges in Table 1 (all of which can generate qualitatively good fits that are consistent with the observed data once β 1 and δ are fitted). We then use these bounds rather than traditional confidence intervals for our forecasting and estimates. Essentially, this uses the biological ranges for the parameters to generate our ranges of estimates for the parameters and forecasts, rather than likelihood-based criteria which may suffer from issues of unidentifiability and lack of independence in the data.
The model initial conditions were determined as follows: y C (0) and y D (0) were both set equal to the initial values of the data set being fitted; I 2 (0) was approximated by examining the number of new deaths reported in the next two days after the first data point (as these would have been in I 2 as of t = 0), and then re-scaling this quantity from numbers of individuals to fraction of the population using k and N ; I 1 (0) was approximated by evaluating the number of cases that had been reported in the past six days (as these would, on average, still be in I 1 ) and then re-scaling as for I 2 ; F (0) was approximated by the re-scaled number of deaths reported within the previous two days; R(0) was approximated roughly by taking the number of incident cases in the last 15 days, subtracting the number of dead in the last 15 days, and then re-scaling to fractions of the population; E(0) was taken as twice the initial values for infectious individuals. S(0) was then calculated as 1 minus the remaining model variable initial values. These initial conditions are quite rough (reflecting the uncertainty in the data as well), but we tested a wide range of initial conditions based on differing assumptions and even sampling within realistic ranges for the initial conditions, and found that the model fit well to the data (with similar residual sum of squares values) for all initial condition values we set. Table 2 shows the estimated values for β 1 , δ, and R 0 for each of the data sets. All remaining parameters are sampled from the ranges in Table 1 using Latin Hypercube (LH) sampling, with the overall best fit across all LH samples, range of estimates, and median of of the LH sample estimates each shown. The remaining LH sampled parameters that resulted in the overall best fit in Table 2 were:
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Fitting and Forecasting Results
• All countries: Table 1 . The model dynamics using overall best fit parameters across all LH-sampled values is shown in red. Data used for fitting is shown as circles, subsequent data not used for fitting shown as red +'s for October and orange +'s for November.
• Liberia:
We note that since γ R does not affect the model goodness-of-fit (since recovered individuals are assumed not to transmit the virus), we took γ R to be the default value in Table 1 for the best-fit simulations. Figure 2 shows the fits to data with projections of the numbers of cases, deaths, and beds needed through the December 1, 2014. The number of beds needed was calculated as the total infected and recently recovered, kN (I 1 + I 2 + R) (though we note that k includes the reporting rate). The model predictions show a wide range of potential trajectories, consistent with the uncertainty associated with fitting to epidemic data in the exponential growth phase. The parameter k was particularly sensitive, and responsible for the majority of the breadth in trajectories for cumulative cases and deaths (for example, the fit using the default parameters could in general be adjusted to cover the full shaded range of cases and deaths just by adjusting k and re-fitting β 1 and δ). For comparison purposes, we also show the reported data for cases and deaths from October 1 -31 (red +'s), and from November 1 -26 (orange +'s), although we emphasize that our model projections do not account for changes in reporting rate or effects of interventions, both of which are known to have been significant during October and November [2, 13] . In particular, there are several sudden increases and decreases in reported cumulative cases reported which are due to changes in reporting [2] , which the model does not capture as we use a constant reporting rate (in particular, the model cannot capture decreases in cumulative cases). Nonetheless, the forecast from the LH sampled best-fit trajectory (red line) was generally close to the reported data, and captured the correct qualitative behavior in all cases (i.e. continued exponential growth vs. slowing down of the epidemic). The forecasts matched the first month of data (red +'s) quite closely, with wider deviations in comparing with the second month of data (orange +'s).
We note that the sum of square residuals was often quite close for many of the fitted parameters in the range, so that a wide range of parameter values were able to yield similarly good fits (indicating practical unidentifiability of the parameters, as might be expected when fitting to exponential growth data). Supp. Figure 10 shows histograms of the residual sum of squares values for all fits. The trajectories with the lowest squared residuals did tend to cluster near the best fit line in Figure  2 , as shown in Supp. Figure 11 (which shows the best 10% of all LH-sampled fits). Even among these best 10% of fits, several of the LH-sampled parameter estimates still show a fairly broad range, highlighting that the parameter uncertainty/unidentifiability persists even if the goodness of fit scores are restricted more tightly. In particular, the transmission parameters by stage were often able to generate very similar fits and forecasts for a wide range of parameter values. This suggests these parameters may form an identifiable combination [44, 45] , wherein decreases in transmission levels in one stage can be compensated for by increasing transmission in another stage, so that the individual transmission parameters cannot be estimated (are unidentifiable), but the overall transmission level is estimable. This compensation manifests in parameter space as a plane of best fit parameter estimates, shown in Supp Fig. 14.
Transmission & Interventions by Stage
Next, we examined the contributions of each stage to transmission. The model R 0 breaks up into contributions by each of the three stages (with each term in Eq. (2) corresponding to I 1 , I 2 , and F ), which makes a natural way to evaluate the relative contributions of each transmission stage to Table 3 : Overall best estimates and ranges for R 0 , and the contribution to R 0 by I 1 , I 2 , and F (denoted R 1 , R 2 , and R F respectively), as both magnitude and percentage of overall R 0 . the epidemic. Each term can be interpreted as the average number of secondary cases generated by an infectious individual while in a particular stage of transmission. We denote each of these terms as R 1 , R 2 , and R F respectively. Table 3 shows the contributions to R 0 by each stage. In all cases all three transmission stages contributed to R 0 , with I 1 and F tending to make the largest contributions to R 0 . We note that the estimated ranges of contribution by each stage are quite wide, likely due to the unidentifiability issues for the transmission parameters by stage as noted above.
Next, we evaluated the dynamic effects of potential reductions in transmission by stage, using the all countries combined simulations as an example. We simulated the total cases and deaths using the overall best fit parameters from Table 2 , supposing a 10% reduction in each of the transmission parameters (β 1 , β 2 , β F ), with results shown in Figure 3 . The reduction in β 1 was most effective, followed by β F and then β 2 . 
Hospital Intervention Simulations 4.1 Expanded Model Structure and Parameter Estimates
In order to evaluate the effect of ETU dynamics and potential interventions, we next consider an expanded model which explicitly distinguishes between hospitalized and non-hospitalized populations by stage of infection, shown in Figure 4 . The corresponding equations are:
where S, E, and F are as in (1), but the infected and recovered classes have now been split into ETU/hospitalized (H 1 , H 2 , and R H ) and community compartments (I 1 , I 2 , and R). For the hospitalized recovered (R H ), we consider only the recently recovered who would still occupy a bed in an ETU/hospital (after which point they join the recovered in the community). The parameter β H represents the ratio of transmission for hospitalized vs. non-hospitalized patients, and the fractions of ETU patients who progress from the first stage, die during the second stage, and have transmissible burials are given by δ 1H , δ 2H , and δ 2B respectively. The parameters h 1 and h 2 represent the hospitalization rates for I 1 and I 2 respectively. The remaining parameters are as in (1).
ETU Capacity. To explicitly account for the time-varying capacity of the ETUs we use f (H max ), which we define to be a smoothed switch (Heaviside) function that is zero when the total number of occupied beds (H 1 + H 2 + R H ) is greater than or equal to the maximum ETU beds, H max , and one otherwise. Thus, the ETUs fill to capacity at rates h 1 and h 2 , at which point they can no longer admit patients. To estimate maximum capacity H max for ETUs over time, we used WHO reports of the total beds available [2] , and linearly interpolated between points. We roughly approximated the initial number of beds (starting May 24, 2014) as 25% of the first reported number of beds (853 beds reported September 21, 2014).
Measurement Equations. To connect the model with data, we supposed that all hospital cases are reported, but that the community cases are measured with a reporting rate of 1/2.5 (based on CDC reporting rate estimates [9] , though we also tested a range of reporting rates from 1/1.5 to 1/10 with similar results). As our previous form of k using the simplified model combined the reporting rate with several other potential correction factors, we thus take the new value for k to be 2.5 times the best estimate from the simplified model using all countries combined (Table 2 ). Similarly to the simplified model, the new measurement equations y C and y D are then given by summing up the cumulative hospitalized cases and deaths, plus community cases and deaths divided by 2.5.
The expanded model, while more realistic, also includes significantly more parameters and initial conditions than the simplified model (Figure 1 ). For simplicity we illustrate the effects of different interventions by only fitting β 1 with the rest of the parameters fixed to values determined from the literature, WHO, and values fitted using the simplified model in previous sections. The full set of parameters for the expanded models are given in Table 4 . Most parameters are as in Table 1 , but we updated β 2 , β F , and k based on the overall best fit values using the stage structured model. The parameter δ 2B (the fraction of deaths in ETUs with the potential for funeral transmission) was set to be small, as ETUs do their best to ensure safe burial of patients who die. However, to account for limited resources and burial teams, and the possibility that some bodies may still be buried with the potential for transmission (e.g. if families remove the body), we set δ 2B to be nonzero (0.1). The parameter h 2 , the hospitalization rate in the second stage of illness, was set to be 50% faster than γ 2 , supposing that hospitalization once more severe symptoms begin will be relatively rapid. We estimated β 1 using the same least squares approach as for the simple model, with the rest of the parameters as given in Table 4 . The resulting fits to data and dynamics of occupied and needed beds are given in Figure 5 .
Intervention Strategies
Using the expanded model, we examined three types of interventions: 1) increasing ETU beds and capacity (H max ), 2) increasing the staff and supplies at the ETU's (and thereby reducing hospital transmission and deaths), and 3) increased case-finding and safe burials, resulting in increased hospitalization rates and reductions in funeral transmission. To evaluate the potential effects of these three interventions on the current outbreak trajectory, we began the interventions on Oct 1, 2014, coinciding with the beginning of the UN Mission for Ebola Emergency Response (UNMEER) [13] , as well as ongoing increases in a wide range of other intervention efforts [11, 12, 46] . We modeled each of these intervention strategies at baseline, moderate, or high levels, as follows: • Treatment & Isolation Capacity -WHO reports suggest that an estimated 6319 ETU beds were needed as of December [2] . To model this increase in capacity, we considered three ETU capacity intervention levels:
-Baseline: stayed at the levels available on October 1, 2014 (∼1084 beds),
-Moderate: increased linearly to full capacity by January 1, 2014,
-High: increased linearly to full capacity by December 1.
We also note the model simulation of capacity represents not just beds, but also the number of people that can be isolated, which has increased to an estimated 70% of all cases as of December [2] . For example, depending on the severity of symptoms, not all cases may need ETU beds in order to be isolated (e.g. in the early stages of infection). We note that this increase in capacity also supposes a proportional increase in staff and supplies as well as beds (as otherwise the additional beds would not be usable and/or we would expect increases in hospital transmission and deaths due to lack of support and supplies).
• Additional Staff and Supplies (S&S) -We supposed that additional increases in staff and supplies (such as PPE, medical equipment, drugs) would reduce transmission and death rates in the ETUs, as well as reducing the amount of time recovered patients need to occupy a bed (due to faster recovery times and more rapid Ebola testing before being released). For the reduction in death rate, we supposed that this would be more pronounced for individuals hospitalized earlier (as has been seen in clinics for several Ebola outbreaks including the current one [7? ]. We considered the following intervention levels:
-Baseline: the existing, fitted parameters from data up through Oct. 1, 2014,
-Moderate: 50% reduction in the ETU transmission rate (β H ), fraction of H 1 that progress to second stage of illness (δ 1H ), and bed occupancy time (γ −1 R ), -High: 75% reduction in the above parameters.
• Case-finding & Safe Burials (C&S) -Lastly, we considered the potential for increased case-finding and reductions in funeral transmission (e.g. as community health workers and burial teams are mobilized). We supposed that increased case-finding would increase the rate of hospitalization, particularly in the early stages of illness. We considered the following intervention levels:
-Baseline: no change after October 1, 2014, -Moderate: increased the early stage hospitalization rate (h 1 ) by a factor of 2.5, and reduction of hospital contribution to unsafe burials (δ 2B ) to zero (noting that the default level was fairly low to begin with),
-High: increased early-stage hospitalization by a factor of 5, reduction of hospital contribution to unsafe burials to zero, and reduction in the number of transmissible community burials by 25%.
For both S&S and C&S interventions beyond baseline, we supposed that the parameters changed linearly from baseline over Oct 1 -Dec 1.
For comparison purposes, we also examined how these compare to a hypothetical minimal level of intervention, in which we supposed recent increases in capacity had not occurred. In this scenario, we supposed a maximum capacity of 400 beds (roughly half the capacity reported as of September 21) and the same parameters as in Table 4 (equivalent to the baseline levels of intervention for S&S and C&S).
Lastly, to evaluate the effects of timing of interventions, we also simulated beginning interventions at a range of start dates from the beginning of the epidemic to December 1. We supposed moderate level interventions for S&S and C&S and either constant capacity of 4500 beds beginning at the start date, or linear increase in bed capacity from 200 beds at the start date up to 4500 beds as of December 1.
Intervention Simulation Results
The expanded model fit to the WHO data on reported cumulative cases and deaths is shown in Figure 5 , together with the resulting simulations for total cumulative cases and deaths (in addition to those reported), as well as the daily number of beds needed, available, and occupied. The difference between reported and actual total cases decreases as time goes on and ETU capacity increases, and we see that although ETU capacity increased, it was not fully able to keep up with demand. The estimated value of β 1 for the expanded model (Table 4 ) was higher than that of any of the simplified stage-structured model estimates (Table 2) , consistent with the idea that the simplified model combined hospitalized and non-hospitalized populations (thus yielding transmission parameter estimates between the community and ETU transmission parameter estimates here). Figure 6 illustrates the effects of each level of intervention, showing minimal, baseline, moderate, and high levels of interventions for all three intervention types (capacity, S&S, C&S). The fit to the data and forecasts are consistent with there having been increasing intervention efforts, potentially at even higher levels than those tested in these simulations (in the case of cumulative deaths). However, the decreases in cumulative cases seen in the data indicate that some of the slowdown in the epidemic seen in the data is likely due to changes in reporting. While the maximal number of beds occupied initially increased as intervention efforts increased, at the highest levels of intervention efforts, the maximal beds occupied decreased, because transmission interruptions were sufficiently large to reduce the number of beds needed. Figure 7 shows the effects of different levels of intervention in S&S and C&S, assuming either a baseline, moderate, or high level of interventions in ETU capacity. Sufficient ETU capacity acted as a prerequisite for S&S and C&S interventions, so that these two interventions yielded only minimal changes in the total cases and deaths when the ETU capacity was low, but showed stronger effects once ETU capacity increased. Figures 8 and 9 show how the timing of interventions affects the epidemic. In Figure 8 , we simulated constant intervention efforts (moderate C&S, S&S, together with an ETU capacity of 4500 beds) starting at different dates, and tracked total cases and maximal numbers of beds needed/occupied. We see that the total cases, total deaths, and maximum beds needed all increase as the intervention starts later, with a jump near 50 days where the ETU capacity first becomes insufficient to meet demand. The number of beds occupied plateaus around 100 days, where the interventions are late enough that a capacity of 4500 ETU beds is no longer close to sufficient to meet bed demand. Figure 9 shows a similar simulation set, but now supposing that each simulated intervention linearly increased from no effect at the start date to full effect by December 1 (t = 192), to represent a more realistic ramp-up in efforts.
Discussion
We developed a stage-structured model of EVD transmission dynamics, which captures, in a simplified form, the progression of illness in EVD (Figure 1) . We fitted the model to data from the ongoing epidemic in West Africa using an LH sampling approach, and used the resulting distribution of fitted models to evaluate forecasting and parameter uncertainty, and examine the dynamics of surveillance, interventions, and contributions to the epidemic by stage of transmission.
The fits of the stage-structured model to the current outbreak data (Figure 2 ) generally agreed well with the data, and most parameters yielded similar ranges of estimates and similar overall best-fit values across each of the three countries ( Table 2 ). The R 0 estimates ranged from 1.19 to 2.75, with the highest estimates in Liberia, consistent with the higher initial growth rate and initially larger numbers of cases/deaths in the Liberia data. The overall best estimated death rates for each country (Table 2 ) also roughly correspond to the crude death rates reported based on dividing total deaths by total suspected cases [2] .
However, we note that the inherent unidentifiability associated with fitting to exponential growth data means that many of the sampled parameters fit the data similarly well. This resulted in a wide range of forecasted trajectories of cases and deaths in Figure 2 illustrating the large uncertainty and parameter unidentifiability associated with forecasting from exponential growth phase data, in which a range of parameter values can yield the same initial growth rate, but may differ as to when their resulting trajectories begin to slow from exponential growth. This also translates to similarly broad estimates for numbers of ETU beds needed. The uncertainty increases the further into the future we forecast, as do the errors between the model forecast and the reported data, illustrating the difficulty in generating long-term projections. Some of the error in forecasting may also be due to changing conditions on the ground, such as the known increases in interventions and changes in reporting [2, 13] , which would not be captured in the model, as it was fitted using constant parameters and based only on the data up through October 1. For example, the data during the forecasting period showed several drops in cumulative cases, likely reflecting changes in reporting that would not be possible to capture in the current model. These unidentifiability issues suggest the potential for identifiable combinations wherein changes in one parameter can be compensated for by adjusting another parameter. In particular, the transmission parameters by stage and the durations of the later stages tended to be able to generate similar fits for a wide range of values (Supp. Fig. 12 and 11) , suggesting that these parameters may form identifiable combinations, e.g. so that increasing the transmission parameter of one stage can be compensated by decreasing that of another stage. This manifests as an approximate plane of best fit parameter estimates, shown in Supp Fig. 14 . This issue has also been noted for infected and funeral transmission in [40] using the SEIRD model, wherein they also note that the unidentifiability issues are likely to persist more broadly in models fitted to exponential growth data, as is the case here.
Nonetheless, a key finding was that the overall best fit models were able to successfully forecast the reported data not used in fitting, particularly for Liberia and Sierra Leone. Recent commentary [51] has noted that many models were unable to forecast the decline in new cases seen in Liberia (although we note that the models referenced in [51] were not intended to account for how changes in reporting or interventions would affect the epidemic trajectory, as discussed further in [52] ). However, our overall best-fit model projected the correct qualitative behavior in all cases, accurately forecasting a plateauing epidemic in Liberia and continued growth in Guinea and Sierra Leone. The best-fit model trajectories matched the data particularly closely for the first month of forecasted data (red +'s) in all cases. This suggests that even though the slow-down in the Liberia data may not be evident by eye as of October 1, the model was able to detect hints in the data of the upcoming change in dynamics which were reflected in the best-fit model.
These results illustrate that in spite of the large uncertainty, model forecasts can still provide estimates of the qualitative behavior of the epidemic, and even broad forecasts may be more useful than a lack of information. Forecasting efforts may be particularly useful for comparing alternative scenarios as to potential intervention effects (as discussed further below). Moreover, understanding the uncertainty inherent in these forecasts can itself be useful in evaluating the range of intervention efforts that may be needed based on current data, and could potentially help in guide additional data collection efforts to reduce this uncertainty [53] . Comparative modeling approaches could also be useful in this process [53] , as different model structures and approaches may result in further uncertainty, or potentially provide some consensus across a range of different model assumptions.
Accurate forecasting depended heavily on including the correction factor k, the scaling correction used to account for wide range of factors, including underreporting, the size of the population at risk (e.g. due to contact patterns, etc.), asymptomatic cases, and potential errors in the initial conditions. The range of values sampled for k generated much of the breadth of the forecasted trajectories, with low values of k resulting in the bottom portion of the shaded region in Figure  2 and higher values corresponding the the top portion of the shaded region. As k is something of a 'catch-all' parameter, the biological/epidemiological meaning is not completely clear, but we hypothesize that part of the reason why the fits and forecasts are so sensitive to k is that k may also be an ad hoc way to represent the effects of changing conditions on the ground, shifts in behavior in the population, and ongoing intervention efforts. As interventions and changes in behavior reduce transmission, this may result in a lower effective fraction of the population at risk (decreasing k), so that the overall epidemic burns out earlier than it otherwise would due to the reduction in the likelihood of susceptible individuals becoming ill. A lower value of k thus results in a fitted model with a rapid increase matching the exponential growth in the data, followed by the epidemic beginning to turn over/burn out as the effective population at risk is smaller (perhaps due to removing individuals from the at-risk population by reductions in transmission).
Our best-estimates yield the much smaller values of k for Guinea, Liberia, and all countries combined than for Sierra Leone, which is consistent with the subsequent reports from October and November that indicate decreases in incidence in Liberia and Guinea with continued growth in Sierra Leone [2] . A related modeling study [10] recently showed that forecasts will tend to overestimate incidence if asymptomatic infections and their resulting immunity are not taken into account, which illustrates another example of the phenomenon observed here. There are a wide range of factors which may alter the apparent population at risk, including asymptomatic infections, pre-existing immunity, reporting rate, social contact structures, and ongoing interventions. Our results show that accounting for these effects, even in the extremely simplified and agglomerated way used here, can make a significant difference the accuracy of the model forecasts-the model best fit without including k (i.e. with k = 1) is the top edge of the grey shaded regions in Figure 2 , and overestimates the incidence in three of the four cases. By contrast, the best-fit model trajectories (red lines in Figure 2 ) consistently capture the qualitative (and for the first month quantitative) behavior actually observed in the data.
The basic reproduction number for this model breaks naturally into three pieces corresponding to the contributions from each stage (Eq. (2)). In an interesting contrast to the estimated transmission parameter values, when we evaluated the contribution of each stage of transmission to R 0 in the West Africa epidemic, we found that while all three stages were significant contributors, second stage transmission tended to make a lower contribution to the overall R 0 , for both individual countries and for all countries combined. The first stage, while less transmissible, lasts a longer period of time, and at each subsequent stage some fraction of people recover (and so don't continue to transmit), lending the first stage a stronger impact on the overall R 0 . The larger contribution in the first 5-7 days found here is similar to the estimates by [29] for the corresponding days of symptomatic disease. However, it is important to note that because of the unidentifiabilities in the transmission parameters, without additional biological knowledge or data, it is difficult to estimate precisely where in these ranges the contribution of each stage to R 0 actually sits.
Nonetheless, in many of our simulations, even complete elimination of any single stage of transmission was not enough to reduce R 0 below one, suggesting that interventions must target more than just the second stage to be fully effective (or indeed any other single stage), and highlighting the importance of earlier case-finding and reducing funeral transmission. In particular, interventions such as providing home health kits [54] may have a significant effect on early transmission and provide a useful complement to ETUs. Indeed, our simulations in the all countries combined case showed that reducing early stage transmission (β 1 ) by 10% was more effective at reducing the cumulative number of cases than reducing transmission from either of the later stages by the same fraction, consistent with the R 0 results (Figure 3) .
Next, we evaluated how changing ETU capacity affects both the outbreak dynamics and the intervention efforts. We developed an expanded model to include hospitalization dynamics ( Figure  4 ), using reported ETU bed capacity [2] as forcing function for the maximum bed capacity, to dynamically adjust hospitalization rates. The model fit well to the data ( Figure 5 ), and illustrates how reported cases grew closer to the underlying totals as ETU capacity increased.
We simulated three types of ETU-related interventions: increasing ETU capacity, increasing staff and supplies (S&S), and community relationship-building to improve case-finding/early hospitalization and safe burials (C&S). The model simulations and forecasts suggest a significant effect of ongoing intervention efforts, with potentially thousands of cases prevented by the continuing increases in ETU capacity, staff, supplies, and community-relationships ( Figure 6 ). The effects of intervention efforts were more difficult to see in the reported cases, since increasing capacity also increases reporting of cases. This means that increasing interventions can have a seemingly paradoxical effect on reported cases, in which one may see reported cases which are quite similar for different intervention levels, even though the actual underlying total cases are very different ( Figure 6 ). Indeed, in some cases this effect can even make it appear that there are more cases generated with intervention efforts than without, even though the dynamics of total cases reveal the opposite. Some of these issues can be seen in the data, with some jumps in reported cases in Liberia believed to be due to improved reporting [2] .
As might be expected, increasing ETU capacity, S&S, and C&S together was the most effective approach, with the potential to reduce total cases to as low as around 20,000 (after correcting for under-reporting), using the intervention levels we tested. We found that ETU capacity is a key prerequisite for the effectiveness of interventions (Figure 7) . Unless there are sufficient resources for individuals to practically be admitted to an ETU, the effectiveness of the S&S and C&S interventions was significantly hindered.
Timing of intervention efforts also plays a crucial role, with a switch-like increase in the total numbers of cases and deaths when intervention efforts start too late (Figure 8) . Notably, we found that even if intervention efforts reach their full strength at the same date late in the epidemic, significant reductions in total cases and deaths can still be achieved by beginning the intervention efforts earlier, even if at a very low level ( Figure 9 ). As stronger/earlier intervention efforts are applied, the total bed capacity needed initially increases (as there are more hospitalized cases), but with high enough intervention efforts can then decrease, as sufficient transmission is interrupted to reduce the need for ETUs (Figures 6, 8, and 9 ).
There are several limitations to this work. The model is fitted to cumulative cases rather than incident ones-while this is easier to work with, there are known issues with lack of independence between subsequent data points, which can lead to significant underestimates of parameter and forecasting uncertainty [42] . To address this, we use a LH sampling approach, which forces the parameters to traverse the range of biologically feasible values while using parameter estimation with a subset of parameters to generate model trajectories which are consistent with the data. This uses the biological ranges for the parameters to generate our forecasting ranges rather than traditional likelihood-based approaches. Additionally, the model does not account for factors such as non-ETU related changes in reporting, differences in reporting between cases and deaths, and spatial spread and mobility, all of which are likely to be changing with time. Changing conditions on the ground may make forecasting further than 1-2 months a difficult task (as illustrated in Figure 2 ), and further work to capture these time-varying parameters is warranted.
Another direction for future work is in examining the stage structure of the clinical course of EVD in more detail. This model includes a simplified representation of the natural history of EVD using two stages. However, some clinical descriptions of EVD break the clinical course into three stages, for example, as described in [35] : "a few days of non-specific fever, headache, and myalgia, followed by a gastrointestinal phase in which diarrhoea and vomiting, abdominal symptoms, and dehydration are prominent. In the second week, the patient may recover or deteriorate, with a third phase of illness including collapse, neurological manifestations, and bleeding, which is often fatal." Our model likely includes part of this gastrointestinal phase in each of the two stages, and further work expanding the stage structure would be warranted. Further, the effects of the complex dynamics of the viral load and immune response results have recently begun to be explored in modeling efforts [29] , and further work in this area would be particularly useful for uncovering clinical features that can be used to optimize treatment approaches.
Conclusions
In this paper, we developed a stage-structured model of Ebola which we used to fit the data, evaluate uncertainty in forecasting, and estimate R 0 . The simplified model shows that uncertainty in predictions and parameter estimates is high, largely due to the inherent unidentifiability involved in fitting to exponential growth data, although the best-fit model does capture the correct qualitative behavior and forecasts the data well, particularly for the first month. This is partly because we account for a wide range of values for k, a simplified parameter roughly representing the reporting rate, fraction asymptomatic, population at risk, changing conditions on the ground, as well as other factors. This highlights the importance of collecting data on these issues if accurate forecasting using models is to be accomplished.
We found that while the second and funeral stages of infection were more transmissible, secondstage transmission made the lowest contribution to R 0 , as the longer duration of the first infection stage and the higher funeral transmission parameters give these two stages more weight. This suggests that reductions in funeral transmission and provision of home health kits (which would likely predominantly protect first-stage transmission) may provide a useful complement to ETUbased interventions.
We also expanded the model to evaluate ETU dynamics. Interventions can have a large effect on the outbreak, and our model suggests that we are already seeing some effect of them in the current data. ETU capacity and timing of interventions are of key importance in reducing the total numbers of cases and deaths, and allow the other interventions to reach their greatest effectiveness. The largest reduction in cases and deaths is gained by including all intervention types testedincreased capacity, additional staff and supplies, increased case-finding/early hospitalization, and promotion of safe burials. This provides a quantitative illustration of a recent quote from Paul Farmer, founder of Partners in Health, who said that halting the spread of Ebola will require a combination of "staff, stuff, space, and systems" [55] . Our model shows that while basic ETU capacity can help blunt the spread of the epidemic, the greatest reductions in cases come with a combination strategy that slows multiple transmission routes simultaneously. While in some cases, the best-fit parameters tend to be clustered at a particular values, others span the full range of realistic values given in Table 1 . Figure 13: Histograms of R 0 contributions by stage from the best 10% of all fits (lowest residual sum of squares). The top row shows contributions by stage as a percentage of overall R 0 , while the bottom row shows the magnitudes of R 1 , R 2 , and R F (the contributions of I 1 , I 2 , and F respectively). Even among the best fit estimates, the contributions by stage to R 0 span from quite low to the majority of transmission for any given stage, making it difficult to estimate the true contribution of each stage to transmission from incidence data alone. 
